ABSTRACT
Excessive daytime sleepiness (EDS) is a socially and clinically relevant problem. According to one current definition, 27
EDS is "the presence of sleepiness in a situation when an individual would be expected to be awake and alert" [1, 2] . 28 EDS is a common symptom that can have many different causes. EDS occurring at least 3 days per week has been 29 reported in between 4% and 20.6% of the population, while severe excessive daytime sleepiness was reported at 5% [3] . 30
Electroencephalogram (EEG) recordings provide insight into the changes in brain activity associated with various 31 states of arousal from sleep to waking and is often used as the "gold standard" in the identification of states ranging from 32 vigilant and alert to drowsy [4] or asleep. Changes in the frequency and amplitude of the EEG correlate directly with 33 behavioral performance measures [5] and changes in alertness and awareness [6] [7] [8] [9] . 34 Several researchers have attempted to leverage these characteristics to develop EEG based drowsiness algorithms 35 using EEG feature extractions [10], EEG power spectral density bandwidth comparisons [11, 12] , event related potentials 36 latency increases [13] , linear regression [14] , artificial neural networks [15] , and principal component analysis [16] . 37 However these algorithms present methodologies and results of mixed quality and weakness as small sample size, lack of 38 cross validation analysis (or other acknowledgement/accommodation of individual variance), task 39 dependence/specificity, algorithm complexity and large number of channels required. Furthermore, since many features 40 of EEG signals cannot be generated by linear models, it is generally argued that non-linear measures are likely to give 41 more information than the ones obtained with conventional linear approaches. 42
In the last few years, nonlinear techniques have been used to comprehend complex dynamics of the underlying 43 neurophysiological processes [17, 18] and to detect nonlinear interactions [19] . The fundamental assumption of nonlinear 44 techniques is that the EEG signal is generated by nonlinear deterministic processes with nonlinear coupling interactions 45 between neuronal populations. Nonlinearity in the brain likely occurs, even at the cellular level [20] , since the dynamical 46 behavior of individual neurons is governed by threshold and saturation phenomena, large networks of interconnected 47 neurons are likely candidates for self-organized criticality, which refers to large systems with local nonlinear interactions 48 in which a slow build-up of some energy value is alternated with brief bursts of energy redistribution [21] . 
CMIF function provides complexity measures and quantifies the coupling between the two signals depending on the time 117 lag τ, reflecting the information transfer at different time scales. 118
On the other hand, auto-mutual information function (AMIF) (3) is calculated as the MI between two measurements x i 119 and x i+τ taken from a single time series. 120 121
AMIF function describes how the information of a signal (AMIF value at τ =0) decreases over a prediction time interval 122
(AMIF values τ>0). In the case of a completely regular and deterministic signal, the AMIF would remain at the maximum 123 value of τ=0 for all τ. In the case of an uncorrelated random signal, the AMIF would become zero for all τ apart τ=0.
124
Increasing information loss is related to decreasing predictability, and increasing complexity of the signal [31]. 125 CMIF and AMIF can be also defined from Rényi entropy as 126
where q is the control parameter of Rényi entropy. 127
In equations (4- The probabilities P xy , P x and P y were constructed on the series x i or y j and their delayed series x i+τ or y j+τ for τ = 132 {1,2,…,128} samples. The amplitude range of the data series was quantized using 32 equidistant partitions. This made 133 the maximum possible value of CMIF and AMIF equal to log 2 32 = 5 bits.
134
CMIF was calculated between pairs of EEG channels located over frontal, occipital and central regions (F3-C3, F4-135 C4, C3-O3, C4-O4), between central and occipital regions (O1-C3, O2-C4), across the central line (O1-F3, O2-F4) and 136 between all pairs of inter-hemispheric channels. AMIF was calculated for the six EEG channels and normalized by the 137 maximum value (AMIF(0)). 138
In order to quantify and extract the essential information contained on CMIF and AMIF, several measures were 139 defined with respect to the delay τ: mean (m), first relative maximum (maxL), rate of decrease (RDec) [32] , and first 140 derivative (FD). The FD measure was calculated as the difference between the AMIF(0) and the AMIF(1), similarly FD 141 measure for CMIF was calculated as the difference between the absolute maximum of the CMIF and the CMIF at 142 subsequent τ.
143
As an example, Figure  Power spectral density (PSD) for each EEG window in TB band using the Welch method. 161 Figure 3a shows the evolution of AUC calculated on FDAMIF() as a function of the control 207 parameter q in all the channels. It can be observed an increasing of AUC for 1<q<10 in all channels. Thus, it can be 208 deduced from table 1 and Figure 3a that occipital region of the brain (O1 and O2) gave the best discrimination 209 performance with a control parameter value q=3. Figure 3b and 3c show the averaging of AMIF ( ) function in O2 210 channel calculated with different q values with respect to all MWT and MSLT of all EDS and WDS patients respectively. 211
It can be noted that the increasing of the parameter q is associated with lower decay and higher relative maximum at low 212 values combined to a higher value at higher . In this way, since FDAMIF_Re3() in the O2 channel resulted to be the 213 best AMIF measure in this Study, individual analysis of MSLT and MWT trials was performed with that measure 214 calculated from one 60 s window at the beginning of each MWT (MWT1, MWT2, MWT3, MWT4, MWT5) and MSLT 215 (MSLT1, MSLT2, MSLT3, MSLT4, MSLT5). Table 2 and Figure 4 show the Sen, Spe, AUC and the mean value in each 216 MWT and MSLT of FDAMIF_Re3() in the O2 channel. As it can be observed in Figure 4 , the behavior of EEG  band 217 of EDS patients presents less complexity than WDS in all MSLT and MWT. 218 CMIF measures that gave the best statistical performances in Study 1 are shown in Table 3 . The values of CMIF 219 measures indicate that nonlinear coupling in  band between occipital (O1, O2) and frontal (F3, MSLT). Figure 10 shows the evolution of FDAMIF_Re 3 () in O2 channel calculated by sliding 60 s windows in steps of 247 20 s during all MWT and all MSLT for all the patients. In order to evaluate differences between groups due to the SO 248 effect and to the changes along the wake-sleep transition, 600 s before the SO and 100s after the SO are represented, 249 excluding the patients that did not fall asleep in a given nap. In this way, we focused on the moment of change that is 250 common to the two groups. The continuous line represents the averaging of the measure, where EDS patients are 251
represented in blue and WDS in red. Left panels (Figure 10a ,c,e,g,i) contain the evolution for MWT and right panels 252 (Figure 10 b,d ,f,h,l) the evolution for MSLT. It is well known that the transition from wakefulness into asleep is electrophysiologically characterized by the decrease 274 in  and β activity in EEG and the beginning of synchronized activity, expressed by the increasing level of activity in the 275 / ranges, by the disappearance of  rhythm and by a continuing decrease in the β band. This is followed by a uniformly 276 increasing trend across the 1-16 Hz frequency range, while EEG power within the faster frequency range reaches its 277 lowest point [42] . The progressive synchronization of the EEG is expressed by a centro-frontal prominence within the / 278 frequency range. This prevalence began about 60 s before sleep onset and lasted across the entire 5 min interval after 279 sleep onset. In other words, the systematic prevalence of EEG power at the central brain site seems to indicate that it is 280 the first one to synchronize its EEG oscillations, while the occipital scalp location is the last one [42] . Previous studies 281 also evidence that the  band revealed a low level of EEG power that linearly decreases and is prevalent at the occipital 282 scalp location; the highest EEG power in the  frequency range was found on the occipital area, but this prevalence 283 progressively vanished, ending in coincidence with sleep onset [43] . 284
In the present work different complexity behavior between EDS and WDS patients was found in  band in the 285 occipital zones. AMIF results demonstrated that in waking windows this complexity is higher (p-value<0.005) in WDS 286 group than EDS during MSLT (Table 2) . In Figure 4 , it can be denoted a different behavior of the non-linear measures 287 along all the MWT and MSLT naps, while the WDS group presents changes in complexity behavior between MWT and 288 MSLT, the EDS group maintains a low complexity for both MWT and MSLT. In Figure 10 , it can be observed that for 289 both EDS and WDS patients the complexity decreases with time with similar slope when approaching the sleep onset. In 290 the MSLT, there are differences between groups during the previous minutes to the appearance of the SO, whereas after 291 SO both groups reduce the complexity of the signal. Then, the differences between groups are reduced close to the SO 292 that implies a reduction of the complexity of the  band in both groups. In the MWT nap, the complexity is lower in the 293 groups EDS but statistically differences was only observed near the SO (from -100 s to +100 s), where the decrease of 294 EDS complexity has a slope higher than the WDS. 295
A previous work showed that entering to sleep is accompanied by the loss of connectivity in anterior and posterior 296 portions of the default-mode network and more locally organized global network architecture [44] . In the present work, 297 this relation has been observed in CMIF results, denoting that the coupling is stronger in EDS patient than WDS during 298 MSLT (p-value<0.005) in  band between the frontal and central (F4-C4), frontal and occipital (F3-O2), central and 299
occipital (C4-O1) and also in occipital and inter-hemispheric (O1-O2) ( Table 3 ). The results of Study 2 suggest that the 300 interaction between the nonlinear coupling measures in MSLT with their equivalent in MWT help to improve the 301 classification between EDS and WDS group (Table 4) . 302
Our studies also confirm that the tendencies of Sen, Spe and AUC of the previous Studies calculated in a waking 303 window at the beginning of each MWT and MSLT remain the same in all the windows during the all tests. In the current work, we took into account EEG during wakefulness in people with and without sleepiness and focused 315 only on stage I sleep rather than in the other stages. Other works have analyzed the EEG during the process of entering 316 sleep, but taking sleep onset as the time of the first sleep spindle [42, 43] , which is much later than we considered. Our 317 methodology could help detect sleep onset in an automatic way so well as standard criteria (visual analysis), for routine 318 diagnostic MSLT or MWT but also to detect and warn when someone is at risk of falling asleep, as a drowsiness 319 detectors in cars as a system to help driving safer. 320 321
Conclusions 322 323
The complexity and the non-linear dynamic of the EEG signal of patients with different degrees of sleepiness were 324 described by AMIF measures. In general, WDS group presents more complexity in  band than EDS group in all the 325 EEG channels during MSLT. The non-linear coupling between different scalp areas of the EEG signal was described by 326 CMIF measures. Non-linear coupling in  band between different scalp zones are stronger in EDS patient than WDS.
327
The Tables: Table 1 . Study 1: AMIF measures that have given the best performances differentiating the alert from the sleepy groups during the first minute of the tests, with the patient still awake. 
